Detection of microcalcifications in mammograms using nonlinear subband decomposition and outlier labeling by Gürcan, M.N. et al.
Detection of Microcalcifications in Mammograms Using
Nonlinear Subband Decomposition and Outlier Labeling
M. Nafi Gürcan, Yasemin Yardimci, A. Enis cetin
Bilkent University,
Dept. of Electrical and Electronics Engineering,
Bilkent, Ankara TR-06533, Turkey
E-mail: cetin©ee.bilkent.edu.tr
Rashid Ansari
Univ. of Illinois at Chicago
Department of Electrical Engineering
Chicago , Illinois, 60607-7053
ABSTRACT
Computer-aided diagnosis (CAD) will be an important feature of the next generation Pic-
ture Archiving and Communication Systems (PACS). In this paper, computer-aided detection of
microcalcifications in mammograms using a nonlinear subband decomposition and outlier label-
ing is examined. The mammogram image is first decomposed into subimages using a nonlinear
subband decomposition filter bank. A suitably identified subimage is divided into overlapping
square regions in which skewness and kurtosis as measures of the asymmetry and impulsive-
ness of the distribution are estimated. A region with high positive skewness and kurtosis is
marked as a region of interest. Finally, an outlier labeling method is used to find the locations
of microcalcifications in these regions. Simulation studies are presented.
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1 Introduction
Computer-aided diagnosis (CAD) will be an important feature of the next generation Picture
Archiving and Communication Systems (PACS) . In this paper, computer-aided detection of
microcalcifications in mammograms is considered. Presence of microcalcification clusters is an
early sign of breast cancer in women though they can be easily overlooked by an examining
radiologist due to their small sizes.
Recently a variety of schemes based on the wavelet transform for the computerized detection
of microcalcifications have been proposedY3 In these schemes, the mammogram image is first
passed through a subband decomposing filter bank. The subband images are weighted to enhance
the microcalcification locations. A new image is reconstructed from the weighted sub-images.
In the detection step, global and local gray-level thresholds are applied to the reconstructed
image to extract possible microcalcification locations. These locations are grouped to identify
microcalcification clusters. 1n13 the reconstructed image corresponds essentially to a bandpass
filtered version of the original mammogram image and it should be noted that the detection
techniques proposed in13 are based on subband decomposition using linear filter banks.
In our method microcalcification detection is carried out using a signal decomposition based
on nonlinear filters. The method takes advantage of the recently proposed methods of nonlin-
ear filter banks for application in compression.69 The study was motivated by the impulsive
nature of the data characterizing the microcalcifications which are isolated well by nonlinear
filters. The processing is simple, and does not require a full decomposition and reconstruction.
Microcalcifications vary in size from 0.01 mm2 to 1.0 mm2 and they appear as short pulses. Since
microcalcifications are small and isolated regions, they produce outliers in the high-band sub-
signal. The problem is then reduced to that of detecting outliers in the high-band component,
obviating the need for signal reconstruction. Statistical procedures for detection of the microcal-
cifications are applicable at this stage. The highband subsignal is first divided into overlapping
square regions in which skewness and kurtosis as measures of the asymmetry and impulsive-
ness of the distribution are estimated. A region with high positive skewness and kurtosis is
marked as a region of interest. Finally, an outlier labeling method5 is used to find the locations
of microcalcifications in these regions. The block diagram of the detection scheme is shown in
Figure 1.
In Section 2, various nonlinear subband decomposition methods are briefly reviewed. The
statistical detection procedure used in our method is described in Section 3. Simulation studies
are presented in Section 4. Finally, conclusions are presented in Section 5.
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Figure 2: Nonlinear Subband Decomposition Structure in [6]
2 Nonlinear Subband Decomposition Structures
The subband decomposition using linear filters have been widely used in signal analysis and
coding. Recently, the subband decomposition using nonlinear filters have been proposed and used
in image coding.69 In this paper, the use of nonlinear subband decomposition in the analysis of
mammogram images is investigated.
A nonlinear subband decomposition structure with perfect reconstruction property is shown
in Figure 2.6 In the decomposition part, the input signal x is just downsampled in the upper
branch, while it is filtered by the nonlinear filter I —M(.) and then downsampled in the lower
branch. The outputs after the downsampling by two are x1 and Xh which represent the low- and
high-band sub-signals, respectively. The class of nonlinear filters providing perfect reconstruction
is described in Reference.6
Another nonlinear subband decomposition structure with perfect reconstruction property is
shown in Figure 39 In this structure H and G are nonlinear operators, and they produce the
low subband signal, Ya, and the detail high subband signal, Yd from the input signal x(n)9:
where xi(n) = x(2n — 1), x2(n) = x(2n) and
Yd(fl) = X2(fl) + H(xi (n)) (1)
Ya(fl) = x(n) — G(yd(n)) (2)
xi(n) = (x1(n — N1), . . . , xi(n), . . . , xi(n + N2)),
Yd(fl) = (yd(n—N3),...,yd(n),...,yd(n+N4)),
and N,, N2, N3, N4 are positive integers. This structure can be extended to two dimensions using
either rectangular or quincunx subsampling methods."2
In this work H is chosen to be a median filter with an M x M square region of support and
G is a closing filter'° with a L x L square structuring element. The support regions of the filters
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Figure 1: Microcalcification Detection Scheme
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are chosen in accordance with typical dimensions of the microcalcifications. It should be noted
that erosion and lower-a trimmed mean type filters can also be used for the H filter. After the
subband decomposition, the sub-signal Ya will contain an enhanced version of the original signal
while mainly microcalcifications are observed in the so-called highband sub-signal Yd•
3 Statistical Detection Method
An outlier is "an observation (or subset of observations) which appears to be inconsistent
with the remainder of that set of data." Generally, due to the random nature of data, iden-
tifying and handling outliers is not an easy task. Nevertheless, there are numerous techniques
available to detect and handle outliers.5 Since microcalcifications are tiny isolated regions, they
produce outliers in the high-band subsignal. Therefore the microcalcification detection problem
is equivalent to outlier detection in the high-band subimage.
In this paper, the detection is carried out in two steps. First, the highband subimage is
divided into overlapping square regions. In these regions, skewness and kurtosis, measures of
the asymmetry and impulsiveness of the distribution are estimated. If a region has high positive
skewness and kurtosis then it is marked as a region of interest. In the second stage an outlier
labeling method is used to find the locations of microcalcifications in these regions.
The computational complexity of the overall system is low. Rather than searching the whole
image for outliers only regions with high susceptability are processed by the outlier labeling
method.
3.1 Skewness and Kurtosis Based Tests
Skewness and kurtosis are higher order statistical parameters.'3 For a random variable x, the
skewness is defined as'4
E[(x — E[x])3]=
(E[(x - E[x])2J)3/2 (3)
Figure 3: Nonlinear Subband Decomposition Structure in [9]
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 9/28/2017 Terms of Use: https://spiedigitallibrary.spie.org/ss/TermsOfUse.aspx





where 7:17, and & are the estimates of the mean and standard deviation over N observations x
(i=1,...,N).









where n-i and 8- are defined as before. For the Gaussian distribution 'y3 and are equal to zero.
If a region contains microcalcifications then due to the impulsive nature of microcalcifications
the symmetry of the distribution of highband subirnage coefficients is destroyed as shown in
Figure 4. It is also evident that the tails of the distribution are heavier and hence the kurtosis
assumes a high value. Therefore a statistical test based on skewness and kurtosis is effective in
finding regions with asymetrical and heavier tailed distributions. The detection problem is posed
as an hypothesis testing problem in which the null hypothesis, H0, corresponds to the case of no
microcalcifications against the alternative H1:
•H0 :y3<T1or74<T2
•H1
where T1 and T2 are experimentally determined thresholds.
Once the regions containing microcalcifications are determined by the above test the locations
of the microcalcifications are estimated by the outlier labeling method described in the next
subsection.
3.2 Boxplot Outlier Labeling Method
In this work, we used the so-called boxplot outlier labeling method5 which is available in most
of the statistical software packages. In this method data x is first rank ordered,
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x = {x1, x2 ,x}. Next, the median, the lower quartile, Qi and the upper quartile Q values
are determined through the following formulas in Equations 7-9.
I = [(n + 1)/2] + 1 (7)
(8)
(9)
where [y] represents the greatest integer less than or equal to y. The interquartile range RF is
defined to be Q _Qi . The boxplot method determines the outliers to be the part of data which
is outside the region (Q — kRF, Q + kRF). The parameter k is usually taken to be 1.5 or 3.0.
Figure 5 illustrates the boxplot outlier labeling method.
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4 Simulation Results
In this paper, simulation studies are carried out on mammogram images taken from a set
digitized by Nico Karssemeijer of University Hospital Nijmegen, The Netherlands. Each image
in the set also contains a ground truth file, in which the regions with microcalcifications are
indicated by expert radiologists. In Figure 6(a) a part of a mammogram image is shown. This
particular image contains a cluster of microcalcifications. The image is first processed by the
nonlinear filter bank and the highband subimage is produced. The support of the median filter
is a 21 x 21 region. In Figure 6(b), the result of the higher order statistical hypothesis testing
algorithm is shown. The black squares indicate suspicious regions. The proposed detection
scheme is successful in finding all the critical regions in this example and in tests with 10 different
mammogram images of size 2048x2048. The size of the square regions is chosen to be 30x30 with
an overlap of 15. The experimentally determined thresholds for skewness 'y and kurtosis are
1.0 and 2.0, respectively.
Boxplot outlier labeling method is applied to the suspicious regions determined by the hy-
pothesis testing. For example, Figure 7 shows a horizontal line of mammogram image which is
known to contain a microcalcification. In the same figure the middle plot depicts the difference
between the original signal and its median filtered version. This difference plot corresponds to the
high-subband of the nonlinear decomposition structure. The bottom plot illustrates the output
of the outlier detection scheme. Figure 8 shows the output of the detection scheme on a part of
the mammogram image with a microcalcification cluster. In both cases the microcalcifications
915
Figure 6: (a) A part of a mammogram image, (b) Regions with microcalcificati ons
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5 Conclusions
Computer-aided diagnosis (CAD) will be an important feature of the next generation Picture
Archiving and Communication Systems (PACS). In this paper, automatic detection of microcal-
cifications in mammogram images is considered. The mammogram image is first processed by a
nonlinear subband decomposition filter bank. Microcalcifications, tiny, isolated regions, produce
outliers in the highband subimage. Next, the so-called highband subimages is divided into over-
lapping square regions in which skewness and kurtosis are estimated. The higher order statistical
parameters, skewness and kurtosis are measures of the asymmetry and impulsiveness of the dis-
tribution. Therefore a region with high positive skewness and kurtosis is marked as a region of
interest. Finally, an outlier labeling method is used to find the locations of microcalcifications
in these regions.








Figure 7: (a) A horizontal line of the mammogram image which is known to contain a microcal-
cification, (b) high-band sub-signal Xh, (c) output of the outlier detection method.
are successfully detected.
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Figure 8: (a) A region of a mammogram image containing microcalcifications, (b) output of the
detection scheme (c) enhanced image Ya (the low subband image) in Figure 3.
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